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Abstract Convolutional neural networks have already exceeded the capabilities of humans in many
fields. However, as the memory consumption and computational complexity of CNNs continue to
increase, the “memory wall” problem, which constrains the data exchange between the processing
unit and memory unit, impedes their deployments in resource-constrained environments, such as edge
computing and the Internet of Things. ReRAM (resistive RAM)-based hardware accelerator has been
widely applied in accelerating the computing of matrix-vector multiplication due to its advantages in
terms of high density and low power, but are not adept for 32 b floating-point data computation,
raising the demand for quantization to reduce the data precision. Manually determining the bitwidth
for each layer is time-consuming, therefore, recent studies leverage DDPG (deep deterministic policy
gradient) to perform automated quantization on FPGA (field programmable gate array) platform, but
it needs to convert continuous actions into discrete actions and the resource constraints are achieved by
manually decreasing the bitwidth of each layer. This paper proposes a PPO (proximal policy
optimization )-based automated quantization for ReRAM-based hardware accelerator, which uses
discrete action space to avoid the action space conversion step. We define a new reward function to
enable the PPO agent to automatically learn the optimal quantization policy that meets the resource
constraints, and give software-hardware modifications to support mixed-precision computing.
Experimental results show that compared with coarse-grained quantization, the proposed method can
reduce hardware cost by 20% ~30% with negligible loss of accuracy. Compared with other automatic
quantification, the proposed method has a shorter search time and can further reduce the hardware
cost by about 4.2% under the same resource constraints. This provides insights for co-design of

quantization algorithm and hardware accelerator.
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Fig. 3 The data rearrange of im2col
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Fig. 4 The hierarchical architecture of ReRAM-based accelerator
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WHE A S AL AT A SCER 17 145 H 1) ReRAM
I A8 B4R L 456 SCER(18,30-31 ], A 4 ST IR
GOREBETT R ReRAM il 345 #XCRE 144 % 112k 3.

3.1 BT

RSB At F0AE 1 43 0. 25 0 ReRAM 28 X P
GG L 75 B e 2 AN 1) 2 BUE 07 58
T ReRAM cell & 27w 19 Bl B, 4] 26 7R &5 o
FEAUE 5 2) M AUE A B8 14 ReRAM [ 51 K /N, 4
0] A7 i 4 A R

XF TR AE it SCHRE31 146 i 1 b ReRAM X 4
BN FA] L R A ORI R B 0 I B AR R
X V) R 1) 5 ) AN R TR G, AR S 1 b ReRAML
UEAh 1 F ReRAM 45 (1 L 52 I 40, ok 23
HESAALAE A SO ] 1 4 ReRAM 52 X4 51 3K 43 5]
FEA# IE SORUE. T 10 5 09 AU(E 19 A7 58 B B 1 78
[2.8], W X Frf K 8b BUEHMA 1. 752 8 4
ReRAM 5 XL [551].

Xt B 43 Y B 5 B KT ReRAM 38 X
W3] 4 RS 75 B33 PR ReRAM 38 R 37 (g R
Ay EIVRUE R I . 51 ReRAM 58 X[ 5 74 — 3 43
FUH AE X FAE LT 7 Z A 4 ReRAM 28 L[4 5]
18 R T 3 8 R ke AR AR % )2 e A 0 B L 2 AR A
Al 22 X 445 T T B2 1) ReRAM 58 UG 1 %K

- C{r\k{\elghlk{mdlh B Ciam
s = Y20 x| I [gm= ).

Size XB

P

A P A0 A5 T 43 BT (6 R B8l 114 57 98 4 2 T 54

P ey I 8 3 A 5 B9 9l 7 208 ik DACs #
el AR SR JE AT R MVM iz 5 i

DAC 43383 A Respac » it ABUYE % 46 10 6L 12 S5 B
AR .
Lal
les = XS (8)
cycles ; Res e .
Horh,S!  FRE 1 R BN LR (9 4

LT 1 b ReRAM B, ReRAM 58 X 31 1) 4 —
B0 i 1 H A X R P B AR S I BE N
Q.. =Respac +1b(Sizexy) +1, 9
FARIE AT s ADC 153 B Res ane WIZHF T Qou A
RE PR UE K B 0L 300 RS B0 B 4 O B A L IR
Respae =1b,ReRAM 5& X451 ) ]~ 18 % R {128,
256,512}, A8 A FEAH Y Resape M 1% K {9 b, 10b,
11b} A2, &3 ¥ % DAC/ADC HIHAEIR K, % 43
5546 ReRAM il 3 # (4 IR 2 FE 0 3. DR ot AS B B 45
B R B ADCHJE , Res ape M Q. [8] 1 225 51
R — 2 i B AR 1R 22, SCHk[16.30 136 B ADC 119
SRR TET 6b i, i1 ADC 5 i 4 B 451 2% AT
LLzmg, Rt J5 225256 h BN T 1 b DAC i
8b ADC, Z g ADC 5| &2 i) A {4 — 2 1) 1 b iR 2%,
[ BF A 5 8 L At ReRAM i 3 #% A F L 8%, 1 1)
128X 128 Wy 451,
HAB A BT MVM #AE S8, ReRAM Jin 38 2%
A E 7 FF ReLU ik K/ (max pooling) 18 8. R
JHZE L SC ik [30-311 /9 J7 ¥, f8 1] look-up-table
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Fig. 5 The software framework of automated quantization
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4 XWHRSHMH BT CHRC18)5L B ReRAM A48 25,
T 3BT S T B0 S 2 T % AR
41 TERREBSSHmME ARk LeNet-5 il VGG-13 31X 2 AN [R] AR

S0 8 I 3K 2R B L A SO R 104 R 55 A G B AR R B, 43 ZE MNIST F1 CIFAR-10 $04 45 505,
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i 4. LeNet-5 155 1 45 #4 A1 SC ik [ 33 ] £ R — 2.
FAFN TR RS E X E e 3.1
I HT AR B A SCAE ] NVSim©E Y Sk i ReRAM [
51| By BF 4 TF 85 . ADCs/DACs F8 vE %8 79 TF 84 1 3
MSCHRL7 5 35 4R B, B0 Ak Ha B A0 9% w3 1 filf A
SCHRC18 ] —#F B9 TEAL k. 38 3 it Jir A 4 A I 44
RANFRAT ReRAM Jin o 25 19 B 1 1 5.

Table 3 The Configuration of the Neural Network
3 HEMKERE

I £ 44 K PYETTE S 5 255 25 1)

LeNet-5 MNIST HICHRI33 ]k — 2
2X Conv3 X 128 pool
2X Conv3 X 256—pool—

VGG-13 CIFAR-10 2X Conv3 X 512—pool—

1X Conv3 X 1024—pool—
1024—10

Table 4 The Default Configuration of the ReRAM Simulator
R 4 ReRAM EIIFBINEE

BH i
2 S R 128X 128
ReRAM H; B/ (b/celD 1
PR A 2% 8 AL AN 8 b, REER N 1.2 GSPS
RO i Sl B4l 128 ™. 4B K 1b
L2 PR 8
AL 2% 8
TRk 725 8
Tile 19 PE # 16
PE F#Y XB 16
iy AR5 BE b 2~8
FAEHRS BE /b 2~8

AR SO X HSE R E B 2 A

D Az Bk . b T 3T NAS Bk
S A 2 P2 S5 AR L TR, A T LR AR SR i
TR s 0 A g m AR E R R SCEk[ 1128
LA &, B2 M 4 5 1 2 R 1 2 B &
R 8 b XT b STk [36 ] 4t A 455 28U 2% 5 b Fi STk
C11H Y B 3h i A e AS [R) 93 U5 29 3RO AR AR R
FIVRE A1 2. e A6 51 X5 SCHR[ 11 6] L 48 2% B[]

2) ReRAM B {1 it 25 XF Eb. 2 £ ] 16 b £k
PEORS BE ) ISAACT F1 PipeLayer'™ , DL & SCHik[31]
P 1 0 SRR TR AR R T O % o R SR SRR R
TR (power efficiency) .7 B 458 H Ay &, A L)
HEIFARE R 2 H 1 ReRAM fin i 2% . 5 i

FH N85 2 SR ARG B 1) ISAAC H PipelLayer #H L, 4%
SCHR A A B Ak 982> ReRAM B {4 FF 4.
4.2 XKWERSHH
4.2.1 ik MERR

T UE B AR T IR A R L R S A T HER
[ BEUR 205 ch T, BT 2 1 7 v 5 5 A0 g e
MILT DDPG 1 H sh it by ik i 2 4 1 fE Xt L.
M 5 Al LI I, 5 3CHERE36 A LG, BT i i A 3l
AL T W AT L 20 % ~ 30 % B BE 14 T 5 . A6 A1 [
M BTIR LT ch N, BT HR Y 7 vk RS RORS B 5 Sk
(1107 B W AH 258 K H R R R TF B cost /N F 3Cik
[ B0 F LeNet-5 B AL, f $2 H (1) )5 25 32 22
/> LeNet-5 BRIFE ReRAM Jin ik £ b 4 BE #E A1 20
R AHRE B 1 %0~ 3 Y0 BRG BE B 2R 6T VGG-13 BEAY,
FIT e 0 75 20T LU 308> VGG-13 #7#E ReRAM

Table 5 Overall Performance for Different NN Models

Under Different Resource Constraints

x5 TRBTERARTHEMEEREMFIELE

th Ty BALKER 46 LeNet-5  VGG-13
KiRE[% 98.11 92.66
, )‘L‘u*ﬁt@] WeAs W% /ms  0.16 6.11
itk fEFE/m]  0.0023 6.67
HWRIW  0.80 139.78
KiBE[ % 95.55 92.49
Bt % /ms  0.15 4.49
jci[;] k] fiE#E/m]  0.0016 3.38
IRIW - 0.34 114.39
cost|%  68.61 68.67

0.7
KEE[% 95.13 92.27
IF%E/ms  0.15 4.75
AR5 i A3 BEFE/m]  0.0016 2.99
WERIW 0.32 116.01
cost! % 67.78 68.52
KEEEIY 96.66 92.60
Bl % /ms  0.15 4.83
Xiglj A3 RE#E/m]  0.0017 4.30
/W 0.55 126.65
cost[%  78.80 78.00
a K1Y 96.63 92.64
A #E/ms  0.15 1.99
AR5 H 3l BE#E/m]  0.0017 3.54
RIW - 0.53 116.91
cost|%  77.97 73.79

- AR B R B 0 4
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A b RE TR, AR ERUR N T 1%,
SCHRC1L D07 6 A b, ZEAR R A IR 29 3R ch T, T4
W R SCER (11 ] r ik T DL 2 > 0.5% ~
4.21 %6 (A B T 8.

K6 SR TRFEBHRA R T 1 VGG-13 BIALE
JETE 600 A N A AT ith 2, NIEL 6 Hha] LI H
DY th=0.7 Fl th=0.8 B}, BERVKE FEAE 300 4[4
JE WS EL S 2 th = 0.6 B, A5 HRORE J3 AR X e 64, X
J2 PR FE G IR 29 AR X T A% BE . PPO- Agent fRME 2%
3] [7] B L A R B SRR B VR 24 R Y SR W% 2) th = 0.8

Top- 1 #HER /%

A PR A RORG BEHEAR & T th = 0.7 Fl th =0.6 BT
RERURG B, 302 DR Ol A 9% U5 249 SRR 6T S bs 1) 254, BT
P Tl bR B 55 ) PPO Agent #2546 47 95k
PETHR RS B

B 78RTYth=0.6, AZIEEIEB=1.a=
Yy =00, VGG-13 BAIKE FETE 600 /> [|l & Py Y 22 1k
Mgk B 7 Fhaf LIE H L PPO Agent 1] DI48 R 3| %
O F Ak SR W L I LSRR B IS S B (5 18T 6 TPy
RE L X LG o 3 U8 W 24 5 1 TF 8 cost TR 55 2 A 46 bR
B Cas B0 7) s A AS 15 B i TR X
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Fig. 6 Variation of Top-1 accuracy under different ¢h
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Fig. 7 Variation of Top-1 accuracy when th=0.6,a=7=0,5=1
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T SRR 12-13 Jf & #F SCk [ 11 ]/ LAtk 1
PR ek it PR B A T B SCERC 11 T T X e A T
ALV, A 35 L VGG-13 B 7E CIFAR-10 4
B AR S 7R ] D2 o) b B AR R R
BF ] 3 A5 T #EA T X L.

D) 2 XL A 8 R T IRZ R th =0.7
BF AN TR) 2t A B vk 0 R AORG 32 R RS ) ¢ U
FE 300 A~ IG5 A AR At 26 A IEL 8 Hml LU i
2 Fh 7 AR RE A R B 0 L IR A R Y & AL R g, JF
PRFFASERURE B (0, & 8 () SR T A SOl Bk 1 i

200 A~ [l 545 31 5 Ak 5 W O B2 R0 7 B U8 3
BRI EGE ) B, X J2 o 5 T PPO Agent 1Y
BIVE R AL T I O 0 BE PIL SR W SR A SRS Y T SR
(11 ]2 38 2o 384 hn e 75 >k 3 58 DDPG R % 5 B/l 8(b)
T MM R R T AR SO VAR AE 200 AN EIA R AT RL2E S
B L TR 2 Y AL R NS L XS 88 T AT iR TRy %
Jily R 8 T SCRR L 11 6 4 il v 5 5 AR HRORS A OGS
T T T3 Uk 2 A7 B R T AL B R R

2) ‘AR IS EZ X LK 9 WoRANE A 3 1k
T T R B UL AR NI 9 thal LU
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Fig. 8 Comparison of the learning procedure of different methods
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Fig. 9 Comparison of the searched quantization policy of different methods under th=0.7
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Fig. 10 Layer-wise analysis of hardware cost of different methods
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B ZE (latency) . 38 (power) F1HEFE Cenergy) , H:
B8 /INB AT NIEL 10 Ca) v T DU 5 300 19 A A7
T g B RE R R X 5 3R (8) Rl ik 1 — B N 10
(b) ] DLt BUE Y A0 A7 5 By, T 38 8K A
K10 AT LA B T4 2 D)2 (CONV2) I
5 7T A B RUZ (CONVDSM, A SCT5 ik e SCHk 11 ] 7
L RE R IR TE Z W REFE.

3) WRAEX . X 6 BRAFRH &Ik
)48 2R B R0 Eb. 36 6 HmT LA s AR SO 2
R R B SCER 1T ] kIR 2 X 2 T
AT AR A WA HE F — OB #8 ol E Ak A 1
FEES 1 SCHRL 1L ] 7 vk R s s — R i A A v A R
e — R A0 2 o DA A 14 JF 4. e A, SCRRLC 11
A 2 T R B il Agent $E 5 B LA TE , LA L
AU B H R X A 2 AT IR A R AR S B
DAGIE A EERRE Y T )

Table 6 Comparison of Search Time

Fzo6 #EHERBTETLL

05 ik th F4a BN s RN/
SCHk[11]4 18
0.8 300 81
ARy 8

11 J@oR 178 300 [I5  , SCRRL 1T e
17 7F 1386 08 20 BR BT S 04 R R JF 45 B % 1, b oA
131 A~ [l & i AL SR s R T R (R 2 3 th = 0.8,
AT P T AL 5. K 7 A T 43 MA T T
BB E B AR S  S AR 11 R T AR
U5 BE T4 cost HT 90.88 % s F|
A SCHRCLIL 107 8 B A S5 sl
X I B

L geak 7k
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Table 7 Comparison of Quantization Policy Before and

After Manual Decrement Step in Epoch 43

x7T FVBOENFIZETRAGTENRIEITLL
= 328 9ok iy e —
B/ /b BUED b
CONV?2 5 7 4 6 1
CONV3 8 7 7 6 1
CONV4 7 8 6 7 1
CONV5 7 6 6 5 1
CONV6 8 7 7 6 1
CONV7 8 7 6 5 2

4.2.3  FHA ReRAM & 25 % 1o

8 XFH T AT ReRAM il #% 1 T R 4K,
AR ST T 2 B D R AKOR S 454.8GOPS/ (s X W), ik
F ISAAC 119 627.5GOPS/ (s X W) . (H & T PipeLayer
1) 142.9GOPS/(s X W), SCHK[ 31 J#2 th 2 FF IR &

150 200 250 300

EIREE4
Comparison of hardware cost before and after manual decrement step in ref[11]

RO T T

VBl A R T U A T N L

FETT R A ReRAM Ml 2% 3 11, I 4 F 0% 25 0% m& i
PEA AL AL T A SCHR [31 AR B A SCH Y A sh 1k
B ReRAM JMs 5 B9 D R ZCR BT T 3T 1.50 £5.

Table 8 Comparison of Different ReRAM Accelerator

Designs on Power Efficiency

# 8 A ReRAM JNiE 25 1& T T R Y E AT Lk
IR ADC fit i VES &S
wit IERFEID T/ mW (GOPS/(s X W))
ISAACHT 128X 128 8 16 627.5
PipeLayer(®) 128 X128 N/A N/A 142.9
Xi{;] 128128 4 12 301.7
A EE 128X128 8 16 454.8

F : PipeLayer ffi F Y J& Spiking. A fl ADC. $¥s B [ Sciik[31]
T AR B D R R R T VGG-13 #£ CIFAR-10 34
£ ERM th=0.7 1 ELIAS 1.
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